Abstract-This paper proposes a framework for detecting the suspected abnormal region of the bladder wall via magnetic resonance (MR) cystography. Volume-based features are used. First, the bladder wall is divided into several layers, based on which a path from each voxel on the inner border to the outer border is found. By using the path length to measure the wall thickness and a bent rate (BR) term to measure the geometry property of the voxels on the inner border, the seed voxels representing the abnormalities on the inner border are determined. Then, by tracing the path from each seed, a weighted BR term is constructed to determine the suspected voxels, which are on the path and inside the bladder wall. All the suspected voxels are grouped together for the abnormal region. This work is significantly different from most of the previous computer-aided bladder tumor detection reports on two aspects. First of all, the T 1 -weighted MR images are used which give better image contrast and texture information for the bladder wall, comparing with the computed tomography images. Second, while most previous reports detected the abnormalities and indicated them on the reconstructed 3-D bladder model by surface rendering, we further determine the possible region of the abnormality inside the bladder wall. This study aims at a noninvasive procedure for bladder tumor detection and abnormal region delineation, which has the potential for further clinical analysis such as the invasion depth of the tumor and virtual cystoscopy diagnosis. Five datasets including two patients and three volunteers were used to test the presented method, all the tumors were detected by the method, and the overlap rates of the regions delineated by the computer against the experts were measured. The results demonstrated the potential of the method for detecting bladder wall abnormal regions via MR cystography.
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I. INTRODUCTION

B
LADDER carcinoma has become the fifth leading cause of cancer-related deaths in the United States. The five-year relative survival rate (the five-year survival rate refers to the percentage of patients who live at least five years after their cancers are found, while the five-year relative survival rate estimates the survival rate excluding causes of death not related to the disease of interest) of patients whose cancers are found in the third or fourth stage is below 50% [1] . In addition, bladder cancer is reported to have high recurrence rate after resection of the tumors (as high as 80% [2] ). Therefore, developing an effective and noninvasive tool for detection of the bladder abnormalities and reexamination after the tumor resection is crucial for management of the deadly carcinoma. Fiberoptic cystoscopy is currently the most popular diagnostic and therapeutic tool. However, it is invasive, expensive, and uncomfortable with limited field-of-view, and carries a risk of 5% to 10% rate of urinary tract infection. As an alternative and less invasive diagnostic tool, virtual cystoscopy is preferable which uses computed tomography (CT) and MRI to evaluate the entire bladder and provide qualitative parameters to the radiologists for diagnosis. So far, most previous reports only provided the reconstructed 3-D virtual bladder model. Little effort was devoted to detect suspected bladder abnormalities by computers in the virtual cystoscopy system. Conventional characteristic features, like curvedness and shape index, vary significantly from voxel to voxel [3] , causing high false positive (FP) rate. Preliminary results show that the bladder wall thickness can be a biomarker for detection of the abnormalities [4] - [6] . The method in [4] generated promising results. The CT imaging procedure injects exogenous contrast agent into the bladder and makes the state of the bladder (full/empty) more controllable for constructing the atlas. However, the CT imaging is invasive and provides little information about the inner bladder wall region. Therefore, we prefer to utilize MRI for the clinical purpose. Because the bladder shape and wall thickness vary obviously among different subjects (volunteer/patient), the construction of the thickness atlas in [4] is not reasonable in the MRI-based analysis. Besides, all the previous reports only used the 3-D mesh (which is always generated from the segmented inner border of the bladder wall) to represent the bladder and indicate the abnormalities by rendering different colors on the 3-D model. Generally, the 3-D models provide no information inside the bladder wall. Most recent research used the MRI to estimate the invasion depth of the bladder tumor [7] . However, it needs the expert to manually delineate the tumor region in advance.
In this paper, we introduce a noninvasive procedure to detect the bladder abnormalities and the abnormal regions inside the bladder wall via MR cystography. By considering the wall thickness and inner border geometry property, the seeds for the suspect abnormalities on the inner border are determined. Tracing from the seeds, volume-based features inside the bladder wall are explored to extract the whole abnormality region. The T 1 -weighted MR images are used due to its better image contrast among soft tissues (the bladder wall in this work), in addition to less concern on radiation and invasiveness [8] , [9] . The reliablity of the MR virtual cystoscopy has been proved in [10] . This work inherits our previous automatic bladder wall segmentation work [11] , and provides the potential for further estimation of the bladder tumor invasion depth and malignant staging.
The whole procedure of the presented method includes three steps: 1) segmentation of the bladder wall by using the coupled level-set framework [11] ; 2) generation of the bladder wall layers by using the potential field inside the bladder wall and the paths from voxels on the inner border to the outer border; and 3) determination of the seed points on the inner border to represent the possible abnormal patches by using the wall thickness and the bent rate (BR), where tracing along the paths from the seeds and extracting the abnormal regions of the bladder wall is performed by using weighted bent rate (WBR) layer by layer. Fig. 1 depicts the pipeline of the whole procedure. Each step is detailed as follows.
II. BLADDER WALL LAYER AND PATH GENERATIONS
In this step, the inner and outer borders of the bladder wall are segmented first. Then, based on the segmentation results, the bladder wall is divided into several layers and the path from each voxel on the inner border to the outer border is determined. The different layers and paths simulate the isopotential surface and the electric field lines, respectively. The wall thickness is estimated as the path length, and volume-based features can be extracted voxel-by-voxel along the paths. All the previous procedures employ the level-set functions. 
A. Bladder Wall Segmentation
The inner and outer borders of the bladder wall are segmented by using the coupled level-set algorithm [11] . The two level-set functions collaborate with each other and automatically segment the inner and outer borders of the bladder wall in the 3-D image datasets. For each level-set function φ, the border segmentation consists of all the points x where φ(x) = 0. In the 3-D space, the border is a surface, which we call it the zero levelset surface (ZLSS). In consequence, φ is expressed as a signed distance function, which has the form of φ (x) = ±d, where d is the nearest Euclidean distance from x to the ZLSS. The positive or negative value indicates that voxel x is inside or outside the ZLSS. More explanation for the level-set method can be found in [12] . Suppose φ 1 and φ 2 are the inner level-set function (ILSF) and the outer level-set function, respectively, to segment the inner and outer borders of the bladder wall. By modifying the well-known Chan-Vese model [13] , [14] and proposing an adaptive clustering algorithm, the image energy and geometry energy potentials are well defined for the evolution of the levelset functions. Then, φ 1 and φ 2 evolve iteratively and produce the final segmentation results. One advantage of the coupled level-set framework is that it takes both the image intensity information and the segmented border geometry information into account, which is a solution for the problems of image inhomogeneity, ghost, and complex intensity distribution near the outer border of the bladder wall in the T 1 -weighted MR images. Fig. 2 shows an example of the segmentation results. The details about the coupled level-set framework for the bladder wall segmentation can be found in our previous work [11] .
This segmentation algorithm provides the wall borders, which may help the following geometry analysis as comparing to our previous segmentation of partial volume layers each with a thickness due to the partial volume effect [3] , [15] , [16] .
B. Bladder Wall Layer and Path Generations
After the segmentation, potential field inside the bladder wall is constructed based on φ 1 and φ 2 . Furthermore, the path for each voxel on the inner border to the outer border and different wall layers are constructed given the potential field. We expect that the layers and paths have the similar property as the isopotential surfaces and the electric field lines, respectively. That means: 1) all layers do not intersect with each other; 2) from each voxel on the inner border, there is one and only one path to the outer border; 3) the paths do not intersect with each other; 4) the paths perpendicular to the layers at the intersections. The aforementioned concepts are illustrated in Fig. 3 . The potential field is generated first. The solid lines represent the layers while the dashed lines indicate the paths. The voxels within one layer have approximately the same potential value.
The level-set functions φ 1 and φ 2 can be used to estimate the potential field function P . The different layers generated by the potential function meet the criteria (1) earlier. The paths go along the gradient direction of the potential field voxel-by-voxel. To make the paths smooth and approximately perpendicular to the bladder wall borders at the intersection, the potential field and the paths are generated as follows.
1) The potential field is denoted by P , which is
(1) In (1), α1 and α2 are two power exponents, where α1, α2 ∈ [0, 1]. They are the weighting factors to ensure that the isopotential surfaces close to the inner or the outer borders have the similar shape with the corresponding borders. |φ i (x)| is the absolute value of function φ i (x), i = 1, 2.
2) A layer of the bladder wall, consisting of voxels with similar potential value, is an isopotential surface. Suppose the bladder wall is divided into n layers. The maximum and minimum potential values inside the bladder wall are P max and P min , respectively. Then, the jth layer consists of the voxels with potential value P ∈ [P min + (j − 1) × δP, P min + j × δP ), where δP = (P max − P min )/n. 3) The gradient direction vector of each voxel x is obtained by using the potential function P (x), where g(x) = (∇ · P (x))/(|∇ · P (x)|) is the unit vector to denote direction of potential gradient at voxel x. 4) As mentioned earlier, the path simulates the electric field line. Given a voxel x and the unit direction vector g (x), the path is traced along g (x). Generally, one path starts from the voxel x s on the inner border and stops at the voxel x e on the outer border of the bladder wall. Then, the path length is used to measure the wall thickness at x s .
III. BR AND WBR
The BR is a measure of the geometry property of a surface (or layer), while the WBR is designed to measure the geometry property as well as the intensity variation across different layers.
The BR was first proposed to maintain the smoothness of the ZLSS during the evolution in our previous work [11] . We adapted the BR instead of the curvature term, which is widely used in most level-set methods, to measure the bent level of the surface. In this paper, the BR is used to detect the seeds of the abnormal regions on the inner border. The BR has the form of
where φ 1 is the ILSF, H is the Heaviside function whose value is 1 where (φ 1 (y) − φ 1 (x)) > 0 and 0 where (φ 1 (y) − φ 1 (x)) ≤ 0. x now indicates the concerned (or central) voxel and y ∈ Ω, where Ω indicates the images domain. K is the weighting parameter with R being a predefined constant value. The WBR is expected to reflect the geometry property of each layer as well as the intensity variation across the surrounding layers. It is used to extract the abnormal region inside the bladder wall. The WBR has the form of
where x, y, and R have the same meanings as they are in the BR term. I(y) denotes the intensity value at y. As mentioned earlier, P is the potential function and H is the Heaviside function whose value is 1 where (P (y) − P (x)) > 0 and 0 where (P (y) − P (x)) ≤ 0. P max,R and P min,R are the maximum and minimum potential values in the region with radius R and centered at x. The design of the W takes into account the potential values of different layers and the distance of voxel y with respect to the central voxel x. Practically, W is set to be 0 if |y − x| > R. If we get rid of the intensity and layer information, which means setting W and I to 1, then (4) degenerates to the BR term in (2).
IV. ABNORMAL REGION EXTRACTION
Bladder carcinoma invades gradually from the mucosa (or the inner border) into the wall muscles. Depending upon the degrees of penetration, bladder carcinoma is categorized into different stages. It is desirable that the invasion of the tumor can be reflected by image geometry and texture features in the bladder wall, especially near the inner border. The bladder wall thickening and the geometry changes on the inner border are sensitive parameters for detecting the emerging of the bladder abnormalities. However, for further analyzing the invasion depth and staging of the tumor, the suspect abnormal regions on the surface and inside the bladder wall are needed to be extracted first. We use the following steps to extract these regions. 1) Search for the seeds on the inner border. This step is based on two assumptions. First, the abnormalities cause the increase or decrease of the BR value on the inner border as well as the increase of the wall thickness. Second, the voxels on the inner border representing the abnormalities only take a minor part. The two assumptions are reasonable in the clinic. Therefore, a Gaussian model is used to estimate the distribution of the wall thickness and the BR on the inner border. The voxels out of one standard deviation of both the thickness and the BR distribution are selected as the seeds. 2) For each voxel located on the inner border and chosen as the seed, the path corresponding to this voxel is collected. All the voxels on the same paths as the seeds are defined as the candidate of the abnormal region, while all the other voxels represent the normal region of the bladder wall. 3) As we mentioned earlier, the bladder wall is divided into several layers by using the potential field P . Then, the WBR of the voxels in one layer is obtained. The distribution of the WBR value is also estimated by the Gaussian model. Then, the candidate voxels, whose WBR values lay out of one standard deviation and are picked out in step (2) earlier, are finally classified as in the abnormal region.
V. RESULTS AND DISCUSSION
A. Data Acquisition
Five T 1 -weighted MR datasets from five subjects, respectively, were used to test the presented method. The five subjects include two patients and three volunteers. All datasets were acquired by the Phillips' 1.5 and 3.0 T scanners. The subjects were asked to empty the bladder and drink a cup of water about a half hour prior to the scanning when the bladder was full with the urine. In the T 1 -weighted MR images, the urine signal is attenuated for good contrast against the wall. The whole procedure is noninvasive. The T 1 -weighted MR images were outputted in DICOM format. The DICOM images were then reformed into self-defining raw volume datasets after removing the header information. Considering the nonisotropic resolution in the T 1 -weighted images, the slice thickness in each dataset was interpolated to match the in-plane voxel size for cubic voxel array before performing image segmentation.
A similar work from another research group for detecting the bladder tumor extracted the bladder wall thickness by using the CT images [4] , instead of MR images. The CT imaging procedure injected exogenous contrast into the bladder, which makes the bladder shape and states (full or empty) more controllable and comparable among different subjects' datasets. Thus, they constructed an atlas for the bladder wall thickness by using a group image dataset. The abnormalities were detected by comparing an individual case with the atlas. Our method, although uses the bladder wall thickness as an important parameter, runs on a totally different way. While the T 1 -weighted MR imaging is noninvasive and provides better contrast for the bladder wall (which makes the detection inside the bladder wall region possible), it is less controllable on the state (full/empty) of the bladder. From the acquired datasets, we found that the bladder shape and the wall thickness vary significantly among different subjects, even the same subject with different bladder states (full or empty). Fig. 4 gives an example of the T 1 -weighted MR imaging from two different subjects. Fig. 4(a) is like a peanut while Fig. 4(b) is fuller and like a ball. Table 1 denotes that the mean value of the wall thickness in Fig. 4(b) is much thicker than that in Fig. 4(a) . Thus, different from [5] , we do not construct the bladder wall atlas for abnormality detection.
B. Potential Field, Layers, and Paths
The potential field, layers, and paths were generated based on the bladder wall segmentation results and the two level-set functions φ 1 and φ 2 . The reliability of the segmentation procedure has been proved in [11] . As we mentioned in Section II-B, the path and potential field generation procedures simulate the electric force line and the electric potential field. They provide a reasonable platform for (1) dividing the bladder wall into different layer and (2) tracing the paths from voxels on the inner border to the outer border. According to the level-set theory, the segmented inner or outer border is an isopotential surface in the potential field generated by φ 1 or φ 2 , respectively. However, the potential field is generated by both φ 1 and φ 2 as in (1), which means the segmented borders are not exactly isopotential surfaces. By choosing proper parameters α1 and α2 in (1), we can make the voxels on each border with similar potential values. Fig. 5 shows an example of isopotential surfaces and the gradient direction in the slices. Fig. 5(a) is a slice from a clinical dataset and Fig. 5(b) is the segmentation result of the same slice. Fig. 5(c) shows the isopotential surface (the red curves) and the gradient direction (the blue arrows) at each voxel. Both the isopotential surface and the gradient direction were calculated in 3-D space. We do not depict the gradient direction at all the voxels, but only the voxels inside the segmented bladder wall region. Also, the isopotential surfaces depicted in Fig. 5 are those passing through at least one voxel that is inside the segmented bladder wall region. Fig. 5(d) and (e) enlarge the region inside the black frame in Fig. 5(c) . The α1 and α2 values in Fig. 5(d) and (e) are (0.8, 0.6) and (0.8, 0.3), respectively. When α2 increases, φ 2 contributes more on φ 1 , and the shape of the isopotential surface around the inner border is more distinct from the inner border itself. Therefore, we tend to choose smaller α2. Also, when the potential difference between the two adjacent layers is the same, a smaller α2 makes more layers 
TABLE I AVERAGE BLADDER WALL THICKNESS
concentrated toward the inner border of the bladder wall as shown in Fig. 5(e) . Since the bladder tumor emerges from the inner border, more layers there would make detection more reliable. In our experiments, α1 = 0.8 and α2 = 0.3 were used.
The path was traced following the gradient direction at each voxel. The bladder wall thickness is measured as the path length between the inner and outer border of the bladder wall. In Table I , the average bladder wall thicknesses of all five test datasets are listed. For the patients' datasets, the tumor regions were abandoned and did not contribute to the mean thickness. As we mentioned earlier, the bladder wall thickness varies obviously under the MR imaging procedure. The patient 1 (P1) is from the data shown in Fig. 4(a) . Since the patient did not hold enough urine, the bladder wall is much thicker than the others. All the thicknesses in Table I are measured by the number of voxels.
C. Abnormal Region Detection
Before detecting the abnormal region, the seeds should be found on the inner border first. Suppose a patch of connecting the seeds is a seed region. The number of the seed region represents the number of abnormalities detected in the current dataset. In Table II , four terms were used to generate the seed regions. The path length and the Euclidean distance were used to measure the bladder wall thickness. The curvature and the BR term were used for the surface geometry measurement. In Table II , the number of the detected seed region is listed for all datasets. The last row shows the ground truth. The "ground truth" in Table II indicates that all volunteers' datasets contain no tumor and the two patients' datasets each has one tumor. Using the path length and the BR together to detect the seed regions generated the best results. While all the parameters are capable to detect the tumor in the patients' datasets, the path length combining with the BR generated the least FP regions. The path length and the Euclidean distance performed similarly with each other. The BR performed better than the curvature. That is partly due to the reason that the curvature term only takes into account the first-order neighborhood, which is more sensitive to the image noise. Because of these observations, the following procedures were based on the seed regions, which were generated by the path length combining with the BR. Fig. 6 shows examples of the BR value and the path length distribution of a dataset. The Gaussian model is suitable to describe these two distribution curves. The thickness and BR value at the seed voxels have (t − μ t /σ t ) > 1.5 and |BR − μ BR /σ BR | > 1.5, where t is the thickness value, and (μ t , σ t ) and (μ BR , σ BR ) are the corresponding means and standard deviations.
Then, we used the seeds as the initial to trace those concerned voxels inside the bladder wall. The WBR of the voxels on the tracing path was compared with those in the same layer to detect the abnormal region voxels. Before the abnormal region detection, we first explored the WBR distribution layer by layer. Fig. 7 shows an example in which the bladder wall was divided into 12 layers by the potential field. Fig. 7(a) is the diagram depicts the mean and standard deviation (the solid curve and the vertical bar) of the WBR in each layer. The horizontal and vertical axes are the layer index and the WBR value, respectively. In our paper, the bladder wall was divided into 12 layers according to the potential value. The layers from index 1 to 12 go from the outside toward the inside of the bladder wall. In Fig. 7(a) , the WBR values in layers 10 to 12 are distinct from layers 1 to 9, which represents that they have independent distribution properties. Therefore, it is more reasonable to detect the abnormal region layer-by-layer than taking the entire bladder wall into account, which may diminish the tiny feature variation in each layer. Fig. 7(b) plots the WBR value distribution curves of three layers (layer 5, layer 8, and layer 11). The distribution of WBR in each layer approximates the Gaussian distribution. Since the abnormal region possesses small part in each layer, we considered those voxels with the WBR value out of one standard deviation of the corresponding layer as the concerned voxels inside the abnormal region. Fig. 8 is an example of the detected abnormal region. Fig. 8 (c) shows the abnormal region detected by our method and Fig. 8(d) shows the tumor region delineated by an expert manually. The overlap ratio was used to evaluate the accuracy of the abnormal region detected by the computer in comparison with the manually drawn one. The overlap ratio is measure by
where OR is the overlap ratio. VC and VM are the abnormal region volumes delineated, respectively, by the computer and the expert manually. Table III lists OR of different datasets. OR1 in the first row are from all the regions detected by the computer including the FPs, while the OR2 in the second row only includes the true positive regions detected by the computer.
The overlap ratio of the true positive region is 87.5% and 93.7% for P1and P2, respectively, which is promising. The OR1 of P1 is much lower because there are two FP regions detected by the computer.
VI. CONCLUSION
In this study, we proposed a noninvasive procedure for detecting the bladder abnormalities and the abnormal regions inside the bladder wall via MR cystography. The volume-based features BR and WBR were considered. First, the bladder wall was segmented by using the coupled level-set framework [11] . Two level-set functions were employed to segment the inner and outer borders of the bladder wall, respectively. The potential field, which simulates the electric potential field was generated by using the two level-set functions. Then, the bladder wall was divided into several layers based on the potential field. And the paths inside the bladder wall were obtained. Bladder wall thickness was measured by the path length between the two borders. The suspected abnormal patches on the inner border (the seed region) were picked out based on the wall thickness and the BR of the voxels on the inner border. The seed regions were further used as the initial to trace the concerned voxels inside the bladder wall. Finally, the distribution of the WBR was measured layerby-layer and the abnormal region was generated. The method was tested on both volunteer and patient datasets. By comparing with other features, the BR and wall thickness together detected all the tumors and generated the least number of FPs. The detected abnormal regions, which are the true positives, highly overlapped with the tumor region delineated manually by the expert. More delicate analysis for the tumor diagnosis can be performed inside the detected abnormal regions.
This study is based on and also an extension of our previous work [11] , where a framework for extracting the inner and outer borders of the bladder wall is presented. The fundamental conjecture of this study and the previous work is that the wall thickness is a sensitive biomarker to detect bladder abnormalities, as observed by several studies [4] , [5] . It is expected that both geometrical and texture features derived from the extracted wall would further improve the sensitivity of the biomarker. This study, including others [6] , is an example of our research effort along that direction.
A major limitation in this study is the small number of datasets for the test of the new features. Resolving this limitation is somehow beyond the scope of this study because recruiting patients is a time consuming and requires a great resource. Despite the limitation, this study does show the feasibility of the method for the detection purpose, and is an attempt to explore the tumor detection inside the bladder wall.
